Introduction {#Sec1}
============

Alzheimer's disease (AD) is the most common form of dementia worldwide and is defined biologically as the pathologic deposition of folded β-amyloid (Aβ) plaques, and hyperphosphorylated neurofibrillary tau tangles in the brain leading to neurodegeneration^[@CR1]--[@CR3]^. Clinically, AD presents as a syndrome of progressive episodic memory and executive functioning problems across a cognitive continuum ranging through cognitively unimpaired (CU), mild cognitive impairment (MCI), and AD. While there are currently five drugs approved by the FDA to treat the symptoms of AD, there are no disease-modifying therapies that alter the course of the disease. Over the past few decades, the development of treatments for AD has been largely focused on compounds which aim to reduce Aβ plaques, either by directly targeting Aβ itself through antibodies or by targeting the enzymes that cleave amyloid precursor protein (APP) to produce it^[@CR4],[@CR5]^. However, clinical trials of drugs targeting Aβ had a 99.6% failure rate between 2002 and 2012^[@CR6]^, and two more Aβ-focused drug trials failed in phase three in 2019^[@CR7]^. This failure rate is among the highest of any disease area. The high failure rate for AD drug candidates focused on Aβ indicates that Aβ may not be the optimal therapeutic target to combat AD.

Careful analysis of AD biomarkers may give important insights into underlying AD pathogenesis and clues about appropriate AD treatments, since these biomarkers exist as proxies for AD neuropathologic changes. Furthermore, an understanding of how the biomarkers correlate with clinical symptoms of AD could inform clinicians making AD management decisithe ons to improve patient quality of life. The A/T/N biomarker framework promulgated by the National Institute on Aging-Alzheimer's Association was created to be an unbiased classification scheme for the three arms of biomarkers known to underlie AD pathology, namely neuropathological loads of Aβ (A) and tau (T), and neurodegeneration (N, including hypometabolism and brain atrophy)^[@CR8],[@CR9]^. Indeed, some research groups have demonstrated that the distribution of tau tangles^[@CR10]^ and hypometabolism (due to low glucose uptake) are more strongly correlated with cognitive performance than Aβ^[@CR11]^. Moreover, brain atrophy is also suggested to be highly correlated with AD progression^[@CR12]^. However, it remains unclear whether disturbances in each arm of the A/T/N framework contribute equally to the progression of AD symptoms or if these factors instead have varying impacts at different stages of AD progression. Understanding this stage-dependent nature of the biomarkers could lead to important clues in preventing and treating AD.

In order to determine the nature of the association of AD biomarkers with the progression of AD symptoms, in this study, we assessed the statistical importance of each arm of the A/T/N framework in predicting three progressive clinical statuses of cognitive performance: cognitively unimpaired (CU), late mild cognitive impairment (LMCI), and AD^[@CR8]^. To do so, we used data from the Alzheimer's Disease Neuroimaging Initiatives (ADNI) database, relating to four biomarkers: Aβ (assessed from ^18^Florbetapir-positron emission tomography (PET)), phosphorylated tau (pTau181, assessed from cerebrospinal fluid), glucose uptake (assessed from ^18^fluorodeoxyglucose (FDG)-PET), and volumetric measures (assessed from MRI). We used a random forest machine learning algorithm to rank the importance of each biomarker in predicting clinical dementia status. We chose the random forest machine learning method because it not only has the ability to fit models with high prediction accuracy due to its use of multiple decision trees that combine to yield a consensus prediction, but also is very interpretable due to its ranking capability of the relative importance of predictors used in the classification (AD biomarkers in our case). We also analyzed the relationship between A/T/N biomarkers and memory composite and executive functioning composite scores in order to assess more directly their association with cognitive performance. We show that A/T/N biomarkers have differing contributions in predicting clinical dementia status based on the stage of cognitive impairment, with Aβ and pTau having higher contribution in predicting early cognitive impairment (LMCI vs. CU) and glucose uptake having higher contribution in predicting later cognitive impairment (AD vs. LMCI and AD vs. CU). Our findings could help real-world patient populations by informing clinicians to make AD management decisions according to disease stage based on the expression of the relevant A/T/N biomarkers, and by informing drug development teams to design treatments to target the pathophysiology underlying the expression of the biomarkers at the appropriate stage of disease progression.

Results {#Sec2}
=======

Participant characterizations and data selection {#Sec3}
------------------------------------------------

Participant data was extracted from the ADNI database for inclusion in the analysis. Participants were required to have baseline Aβ imaging biomarkers (from ^18^Florbetapir PET), glucose uptake imaging biomarkers (from ^18^FDG PET), brain volume imaging biomarkers (from T1-weighted structural MRI), and cognitive testing to be included in the analysis. Participants with three or more missing values were excluded from the analysis. As tau imaging was not available for most participants in the ADNI database, we used a phosphorylated tau biomarker (pTau) from cerebrospinal fluid (CSF) as a measure of tau levels. These criteria yielded a final sample of 405 participants clinically diagnosed as being either cognitively unimpaired (CU; *n* = 148) or with LMCI; (*n* = 147) or Alzheimer's disease (AD; *n* = 110) (Table [1](#Tab1){ref-type="table"}).Table 1Demographic and cognitive data for the cross-sectional study population.CULMCIAD*χ*^2^-approx*ε*^2^*P*-valueSubject characteristics *n*148147110 Age (years)73.43 ± 6.2971.98 ± 7.4274.46 ± 8.397.2070.01780.0272\* Gender (% Male)51%54%60%2.2360.005540.3268 Education (years)16.63 ± 2.5316.70 ± 2.4515.61 ± 2.5513.3950.03320.0012\* *APOE* ε4 carriers (%)27%57%69%53.6530.133\<0.0001\* Ethnicity (% Hispanic)5.4%1.4%3.6%3.6730.009090.1594 Race (% White)89%95%92%2.7990.006930.2467 (% Black)7%3%4% (% Asian)2%1%4%Cognitive data MMSE29.06 ± 1.1427.61 ± 1.8223.14 ± 2.03246.4140.61\<0.0001\* CDRSB0.03 ± 0.131.71 ± 1.004.60 ± 1.61351.7550.871\<0.0001\* ADAS-cog 139.08 ± 4.5818.57 ± 7.08﻿30.16 ± ﻿9.70239.8270.594\<0.0001\* ADNI_MEM1.06 ± 0.63−0.03 ± 0.66−0.89 ± 0.54266.2600.63\<0.0001\* ADNI_EF0.94 ± 0.810.16 ± 0.85−0.83 ± 0.93161.4770.388\<0.0001\*Values are displayed as the mean ± SD. The *χ*^2^-approx test statistic is calculated from a Kruskal--Wallis test comparing the groups CU, LMCI, and AD. *ε*^2^ is the effect size calculated from a Kruskal--Wallis test. Asterisk (\*) next to *P*-value indicates statistical significance. DF = 2 for all comparisons.CU, cognitively unimpaired; LMCI, late mild cognitive impairment; AD, Alzheimer's disease; MMSE, mini-mental state examination; CDRSB, clinical dementia rating sum of boxes; ADAS-cog, Alzheimer's disease assessment scale-cognitive subscale; ADNI_MEM, composite memory score; ADNI_EF, composite executive functioning score.

The three study groups were balanced in terms of gender, race, and ethnicity, but not age or education, across clinical status, with the AD group being significantly older than LMCI subjects and less educated than CU and LMCI subjects; accordingly, we adjusted the features for age before applying them to the random forest model since age is known to affect brain volumetric measures. Notably, the groups differed in terms of the expression of the ε4 allele of apolipoprotein E (*APOE* ε4), the largest genetic risk factor for Alzheimer's disease^[@CR13]^, and cognitive testing scores, with the AD group being significantly more likely to carry *APOE* ε4 and to have lower cognitive testing scores than CU and LMCI subjects. The cognitive tests completed included the mini-mental state examination, clinical dementia rating sum of boxes, Alzheimer's disease assessment scale-cognitive subscale (ADAS-cog 13), composite memory score (ADNI_MEM), and composite executive functioning score (ADNI_EF). The biomarkers were further stratified into 16 features classified according to the A/T/N framework, comprising Aβ measures from six brain regions (frontal lobe, cingulate gyrus, parietal lobe, temporal lobe, precuneus, and hippocampus), glucose uptake (FDG) data from three brain regions (angular gyrus, temporal lobe, and posterior cingulum), volumetric measures from six regions (ventricles, whole brain, entorhinal cortex, hippocampus, gray matter, and white matter), and pTau levels from the CSF (Table [2](#Tab2){ref-type="table"}). We show the correlation of the 16 features with each other using a heatmap (Supplementary Fig. [1](#MOESM1){ref-type="media"}). It shows that the Aβ measures were highly correlated with each other, as were the FDG measures, and the volumetric measures, while Aβ and pTau were negatively correlated with FDG and volumetric measures.Table 2Biomarkers used in the feature analysis.Data sourceBiomarker measureFeaturesA/T/N classificationPositron emission tomography (PET)Amyloid-beta (AV45; ^18^Florbetapir)1. Aβ-FrontalA2. Aβ-Cingulate3. Aβ-Parietal4. Aβ-Temporal5. Aβ-Precuneus6. Aβ-HippocampusGlucose uptake (^18^FDG)7. FDG-AngularN8. FDG-Temporal9. FDG-CingulumPostMagnetic resonance imaging (MRI)Volumetric measures10. Ventricle volume11. Whole brain volume (WBV)12. Entorhinal cortex volume13. Hippocampal volume14. Gray matter volume (GMV)15. White matter volume (WMV)Cerebrospinal fluid (CSF)phosphor-Tau (^181^P)16. Phosphorylated tau (pTau)TAmyloid-beta measures include Aβ from the frontal lobe (Aβ -Frontal), cingulate cortex (Aβ-Cingulate), parietal lobe (Aβ-Parietal), temporal lobe (Aβ -Temporal), precuneus (Aβ -Precuneus), and hippocampus (Aβ -Hippocampus).Glucose uptake measures include FDG from the angular gyrus (FDG-Angular), temporal lobe (FDG-Temporal), and posterior cingulum (FDG CingulumPost).^18^FDG, Fluorodeoxyglucose.

Relative importance of AD biomarkers in early and late AD {#Sec4}
---------------------------------------------------------

We first sought to determine the relative importance of each biomarker feature in predicting clinical dementia status in three participant group pairings: CU vs. LMCI, LMCI vs. AD, and CU vs. AD. Table [3](#Tab3){ref-type="table"} shows the descending order ranking of the relative importance of the 16 features in predicting clinical dementia status based on the random forest method, a machine-learning algorithm that utilizes multiple decision trees to classify and rank variables according to their accuracy in predicting outcomes. Notably, the top half (top 8) of the features made up the majority of the relative importance (69.1, 75.45, and 86.74%) for each cognitive state classification. In CU vs. LMCI, hippocampal volume ranked highest in relative prediction accuracy with a relative importance of 12.69%, followed by four Aβ features, pTau, FDG in the angular gyrus (FDG-Angular), and entorhinal cortex volume; thus, features from all three arms of the A/T/N framework were represented in the top eight features in the CU vs. LMCI comparison. In contrast, in LMCI vs. AD, neurodegeneration, i.e., the N component of the framework, dominated the top eight features, with all three FDG glucose uptake measurements (temporal lobe = 18.88% relative importance) and entorhinal cortex, hippocampal and ventricle volumes represented. In particular, the three FDG features were ranked as the top three contributors in the LMCI vs. AD comparison. Moreover, the contribution of FDG was weighted even higher in CU vs. AD, with FDG-Angular making up 23.78%, and FDG in the posterior cingulum (FDG-CingulumPost) making up 16.99% of the relative importance. Another *N* component, hippocampal volume, also had an increased relative importance in the CU vs. AD comparison relative to the other comparisons. The findings suggest that, overall, Aβ and pTau are important contributors to the progression from normal cognitive functioning to LMCI, but that neurodegeneration, especially glucose hypometabolism, emerges as a more important contributor when progressing from LMCI to AD. Glucose hypometabolism also serves as a prominent distinguishing feature between normal cognitive functioning and AD. We replicated our analysis using the SHapley Additive exPlanations (SHAP) technique and obtained a feature ranking analysis consistent with those from the random forest analysis (Supplementary Fig. [2](#MOESM1){ref-type="media"}).Table 3Ranking of each biomarker feature importance to prediction of diagnosis classification from the random forest analysis.CU vs. LMCILMCI vs. ADCU vs. ADRankBiomarker featureRelative importance (%)Biomarker featureRelative importance (%)Biomarker featureRelative importance (%)Top half1Hippocampus volume﻿﻿12.69 ﻿FDG-temporal﻿﻿ 18.88FDG-angular﻿ 23.782Aβ-frontal﻿11.51FDG-angular﻿ 17.36FDG-CingulumPost﻿ 16.993Aβ-temporal﻿ 8.57 ﻿FDG-CingulumPost﻿ 12.11Hippocampus volume﻿ 12.934FDG-angular8.32Hippocampus volume﻿ 7.49FDG-temporal﻿ 10.005Entorhinal cortex volume﻿ 7.88 ﻿Aβ-precuneus5.14Aβ-temporal﻿ 8.116Aβ-precuneus7.78﻿Aβ-temporal﻿ 4.97Aβ-precuneus﻿ 6.207pTau﻿7.60pTau﻿ 4.82Entorhinal cortex volume﻿ 4.818Aβ-cingulate4.75Entorhinal cortex volume﻿4.76pTau﻿ 3.92Subtotal69.1﻿75.45﻿ 86.74Bottom half9Aβ-hippocampus4.48Aβ-parietal﻿4.71Aβ-frontal3.8110Ventricles4.35Aβ-frontal﻿3.98Aβ-parietal﻿ 3.3211FDG-CingulumPost4.29Ventricles﻿3.69Aβ-Hippocampus﻿ 3.1712GMV﻿4.20Aβ-Hippocampus﻿3.14Aβ-Cingulate﻿ 0.9913WMV﻿3.56Aβ-Cingulate﻿2.63Ventricles﻿ 0.6514FDG-temporal﻿3.48GMV﻿2.59GMV﻿ 0.6015WBV3.45WBV﻿2.46WMV﻿ 0.3816Aβ-parietal3.10WMV﻿1.29WBV﻿ 0.32Subtotal30.9﻿24.55﻿13.26Sum100100100CU, cognitively unimpaired; LMCI, late mild cognitive impairment; AD, Alzheimer's disease; FDG, fluorodeoxyglucose; GMV, gray matter volume; WMV, white matter volume; WBV, whole brain volume.

Accuracy of the top 8 features vs. all 16 features {#Sec5}
--------------------------------------------------

We next determined the prediction accuracy of all 16 features in classifying the three participant group pairs. For all 16 features, accuracies of 73.17%, 71.01%, and 90.34% were obtained for the CU vs. LMCI, LMCI vs. AD, and CU vs. AD comparisons, respectively (Table [4](#Tab4){ref-type="table"}). To ensure that our cognitive status classification model was robust, the *F*1 score was also used to evaluate the precision and recall of the model. The results show that the 16 features were able to classify the three group pairs with high accuracy. Knowing that the top eight biomarker features have high relative importance in predicting cognitive status, we also explored whether the classification accuracy of the top eight features was comparable to that of all 16 features. Using the top eight features only, accuracies of 72.74%, 70.15%, and 91.63% were obtained for the CU vs. LMCI, LMCI vs. AD, and CU vs. AD comparisons, respectively, thus confirming that the accuracy of the top eight features was similar to that of all 16 features. Figure [1](#Fig1){ref-type="fig"} depicts the comparison of the receiver operating characteristic curves with five-fold cross validation^[@CR14]^ between all 16 features and between the top 8 features. We found similar results in accuracy when using three-fold and ten-fold cross validations for comparison (Supplementary Table [1](#MOESM1){ref-type="media"}). The ROCs show that all 16  features performed slightly better than the top eight features in distinguishing CU vs. LMCI and LMCI vs. AD. Precision recall (PR) curves verified similar levels of accuracy (Supplementary Fig. [3](#MOESM1){ref-type="media"}). These results suggest that there may be feature redundancy present when all 16 features are used to predict cognitive state: indeed, we found some of the features to be insignificant for cognitive state classification, especially those with the lowest ranking. Our findings suggest that the accuracy of the cognitive state prediction model does not depend strictly on the number of features used in the model, and that the top eight features may be sufficient to accurately classify the three clinical cognitive statuses.Table 4Accuracy of all 16 features and of the top 8 features in predicting diagnosis for each participant group comparison.All 16 featuresCU vs. LMCILMCI vs. ADCU vs. ADAccuracy (%)73.1771.0190.34*F*~1~ score (%)73.0970.8490.32Top 8 featuresCU vs. LMCILMCI vs. ADCU vs. ADAccuracy (%)72.7470.1591.63*F*~1~ score (%)72.5970.0291.59Fig. 1Receiver operating characteristic (ROC) curves depicting the accuracy of all 16 biomarker features (top) vs. the top 8 biomarker features (bottom).Comparison of receiver operating characteristic^[@CR14]^ curves between all 16 biomarker features (top) and the top 8 biomarker features (bottom) from the three diagnosis participant group comparisons: cognitively unimpaired (CU) vs. late mild cognitive impairment (LMCI), LCMI vs. Alzheimer's disease (AD), and CU vs. AD. Groundline refers to a model that cannot predict better than random chance. The mean ROC is calculated from the average of the five ROC curves produced from the k-fold cross validation.

Correlation of AD biomarkers with cognitive performance {#Sec6}
-------------------------------------------------------

To understand if the top eight features in classifying the three participant group pairs are associated with performance on memory and executive functioning tests, we performed a correlation analysis of each feature on a memory composite score^[@CR15]^ and on an executive functioning composite score^[@CR16]^. These composite scores are validated, psychometrically sophisticated composite scores based on the ADNI battery of neuropsychological tests described above. Ranking the biomarker features based on their *r* correlation value, we found that the pattern of biomarker correlation with performance on memory and executive functioning tests across participant groups was similar to the pattern found in the feature ranking analysis. When comparing the CU and LMCI groups (Fig. [2a](#Fig2){ref-type="fig"}), memory performance was inversely correlated with Aβ biomarkers, especially Aβ in the temporal (Aβ-temporal), Aβ in the precuneus (Aβ-precuneus), and Aβ in the frontal lobe (Aβ-frontal). Hippocampal volume was also highly positively correlated and pTau was highly negatively correlated with memory when comparing CU and LMCI. However, when comparing LMCI and AD data (Fig. [2b](#Fig2){ref-type="fig"}), in all three brain areas assessed, glucose uptake (FDG) was the feature most highly positively correlated with memory, showing larger correlation coefficients (*r* values) than those in the CU vs. LMCI analysis. A similar correlation pattern was observed when comparing CU and AD data (Fig. [2c](#Fig2){ref-type="fig"}), with the correlation constants being even larger for the FDG measurements than in the LMCI and AD comparison. These results suggest that FDG biomarkers become increasingly predictive of memory performance as cognitive decline progresses from LMCI to AD. In particular, FDG-angular appears to be an especially important predictor of memory function, as it has the highest correlation coefficient of the three FDG biomarkers in these memory correlation analyses. A similar pattern to that observed in the memory performance analyses emerged when correlating executive functioning with the top eight biomarkers with FDG biomarkers becoming increasingly predictive of executive functioning as cognitive decline progresses (Fig. [3](#Fig3){ref-type="fig"}). Notably, however, pTau and Aβ-Precuneus were more highly correlated with memory than executive functioning in the CU vs. LMCI group (Figs. [2a](#Fig2){ref-type="fig"} and  [3a](#Fig3){ref-type="fig"}). Interestingly, out of all the features, pTau showed the smallest correlation with executive functioning in each group (Fig. [3a--c](#Fig3){ref-type="fig"}).Fig. 2Correlation of top eight AD biomarkers with composite memory scores.Scatter plots showing the correlations of the top eight features with performance on composite memory tests in each pairwise analysis among the cognitive statuses. (**a**) CU vs. LMCI. (**b**) LMCI vs. AD. (**c**) CU vs. AD. The order of the scatter plots in each panel is according to the rank of the *r* correlation value when compared to composite memory score. The *x*-axis refers to the indicated biomarker score and the *y*-axis refers to the composite memory score. Each dot refers to the indicated biomarker score and composite memory score of a single participant.Fig. 3Correlation of top eight AD biomarkers with executive functioning scores.Scatter plots showing the correlations of the top eight features with performance on composite executive functioning tests in each pairwise analysis among the cognitive statuses (**a**) CU vs. LMCI. (**b**) LMCI vs. AD. (**c**) CU vs. AD. The order of the scatter plots in each panel is according to the rank of the *r* correlation value when compared to composite executive functioning score. The *x*-axis refers to the indicated biomarker score and the *y*-axis refers to the composite memory score. Each dot refers to the indicated biomarker score and composite executive functioning score of a single participant.

Biomarker quantification for predicting LMCI and AD {#Sec7}
---------------------------------------------------

Having shown through ranking and correlation that the top eight features from each participant group may be used as effective biomarkers to predict disease progression from CU to LMCI and AD, we next sought to assess the average values for each biomarker feature in each diagnosis group that can be used for the clinical diagnosis of these three cognitive statuses. Table [5](#Tab5){ref-type="table"} summarizes the values of each of the top eight features that can be used to distinguish CU, LMCI, and AD.Table 5Average values of the top eight biomarker features for each diagnosis group that can be used to predict cognitive status.FeaturesCULMCIADA/T/N armAβ-Precuneus (SUV cm^−3^)0.0715 ± 0.01540.0873 ± 0.02310.107 ± 0.0272A*Z* = 5.79, *P* \< 0.0001\*\* *r* = 0.34*Z* = 9.89, *P* \< 0.0001ǂǂ *r* = 0.62Aβ-Frontal (SUV cm^−3^)0.00949 ± 0.001870.0114 ± 0.002600.0129 ± 0.00286*Z* = 6.75, *P* \< 0.0001\*\* *r* = 0.39*Z* = 9.07, *P* \< 0.0001ǂǂ *r* = 0.56Aβ-Cingulate (SUV cm^−3^)0.0692 ± 0.001110.0787 ± 0.001810.0892 ± 0.00192*Z* = 4.87, *P* \< 0.0001\*\* *r* = 0.28*Z* = 8.03, *P* \< 0.0001ǂǂ *r* = 0.50Aβ-Temporal (SUV cm^−3^)0.0259 ± 0.005230.0302 ± 0.006780.0331 ± 0.00672*Z* = 6.76, *P* \< 0.0001\*\* *r* = 0.39*Z* = 9.92, *P* \< 0.0001ǂǂ *r* = 0.62pTau (pg ml^−1^)21.50 ± 8.8729.70 ± 14.0138.50 ± 16.52T*Z* = 5.62, *P* \< 0.0001\*\* *r* = 0.33*Z* = 9.56, *P* \< 0.0001ǂǂ *r* = 0.60FDG-Angular (SUV cm^−3^)1.21 ± 0.1041.13 ± 0.1490.956 ± 0.159N*Z* = 5.31, *P* \< 0.0001\*\* *r* = 0.31*Z* = 11.46, *P* \< 0.0001ǂǂ *r* = 0.71FDG-CingulumPost (SUV cm^−3^)3.03 ± 0.3242.84 ± 0.3912.47 ± 0.343*Z* = 4.72, *P* \< 0.0001\*\* *r* = 0.27*Z* = 10.69, *P* \< 0.0001ǂǂ *r* = 0.67FDG-Temporal (SUV cm^−3^)8.24 ± 0.7067.78 ± 0.9836.73 ± 0.924*Z* = 4.54, *P* \< 0.0001\*\* *r* = 0.26*Z* = 10.82, *P* \< 0.0001ǂǂ *r* = 0.67Hippocampus volume (cm^3^)7.49 ± 0.8276.67 ± 1.115.91 ± 0.923*Z* = 6.62, *P* \< 0.0001\*\* *r* = 0.39Z=10.59, p \< 0.0001ǂǂ r=0.66Entorhinal cortex volume (cm^3^)3.85 ± 0.5873.39 ± 0.7102.92 ± 0.622*Z* = 5.51, *P* \< 0.0001\*\* *r* = 0.32Z = 9.40, *P* \< 0.0001ǂǂ *r* = 0.59Values are displayed as the mean ± SD.\*\**P* \< 0.0001 calculated with a Wilcoxon rank-sum test comparing CU vs. LMCI.ǂǂ*P* \< 0.0001 calculated with a Wilcoxon rank-sum test comparing CU vs. AD.SUV is the standard uptake value, *Z* is the *Z*-score test statistic for Wilcoxon rank-sum test, *r* is the effect size for Wilcoxon rank-sum test.

Discussion {#Sec8}
==========

We demonstrated three novel aspects in this study. First, we employed AD biomarkers from all arms of the newly developed A/T/N framework in a random forest machine learning analysis powerful enough to accurately predict an AD diagnosis of CU, LMCI, or AD and to rank biomarkers in order of their importance in the prediction. Second, we showed that biomarkers from the A/T/N framework have differing importance in predicting clinical dementia status across the disease progression, with Aβ and pTau having higher importance in predicting early cognitive impairment (CU vs. LMCI) and glucose uptake having higher importance in predicting later cognitive impairment (LMCI vs. AD and CU vs. AD) (Fig. [4](#Fig4){ref-type="fig"}). Our findings suggest that Aβ and pTau accumulation contribute to the cognitive decline that leads to LMCI, but may not be sufficient to lead to clinical AD. Instead, neurodegeneration, especially in the form of glucose hypometabolism, appears to be crucial for exacerbating cognitive decline and furthering its progression to clinical AD. Additionally, we found that Aβ and pTau are more strongly correlated with cognitive performance in LMCI, while glucose hypometabolism is more strongly correlated with cognitive performance in AD, with FDG biomarkers becoming increasingly predictive of memory and executive functioning as cognitive decline progresses. While others have previously documented the temporal ordering of biomarkers preceding clinical symptomatology of Alzheimer's disease^[@CR17]^, the real strength of our analysis is in creating algorithms for computational analyses that are consistent with available clinical and imaging data from data that has been collected over many years. The challenge moving forward will be to translate these algorithms into usable tools to that can assess the capacity of patients in a clinically-friendly manner. Finally, we demonstrated that the top eight features used in classifying the three participant group pairs were just as accurate in predicting clinical dementia status as all 16 features combined. The top eight biomarker features that can be used to distinguish between stages of cognitive impairment, which may prove useful for the future prediction and diagnosis of LMCI and AD.Fig. 4Relative importance of biomarkers predicting AD clinical diagnosis.Diagram depicting the relative importance of biomarkers in predicting AD clinical diagnosis (predictability). In early AD, Aβ and pTau deposition in the brain have higher relative importance in predicting AD clinical diagnosis. In late disease low glucose uptake in the brain has higher relative importance in predicting AD clinical diagnosis.

Machine learning techniques have previously been used to predict cognitive status in AD using several separate biomarkers, including those measured by FDG-PET^[@CR18],[@CR19]^, structural MRI^[@CR18],[@CR20]--[@CR22]^, amyloid-PET^[@CR20],[@CR23],[@CR24]^, and CSF-phosphorylated tau^[@CR21],[@CR22]^. However, this is the first study to our knowledge to combine biomarkers from all arms of the A/T/N framework into one integrated analysis using a machine learning method capable of classifying clinical dementia status and ranking the biomarker features according to their relative importance in the prediction model. Consistent with our findings, a previous study showed that Aβ was more highly associated with cognitive decline in cognitively normal participants, while glucose hypometabolism was more closely linked with cognitive decline in moderate and later stages of the disease (LMCI/AD)^[@CR25]^. Additionally, another study showed that FDG-PET, which assesses glucose uptake, is more highly correlated to cognitive ability than Aβ levels in patients with MCI and AD^[@CR11]^. These studies, in conjunction with our findings strongly support the argument that cognitive decline in AD is initially propagated by Aβ and tau aggregation but is further exacerbated by glucose hypometabolism as cognitive decline progresses. Our findings could better inform clinical AD management decisions and may shift the targets of therapies to treat and prevent AD in future drug development.

We found that Aβ and pTau accumulation are more highly correlated with cognitive test scores in the CU vs. LMCI comparison than other biomarker features. In particular, Aβ deposition in the temporal cortex, precuneus, and frontal cortex, as well as increased hippocampal volume, appear to be the most important features in predicting memory and executive functioning performance in early stage disease. Indeed, these areas play a central role in a wide spectrum of highly integrated tasks that are noticeably disturbed in patients with MCI. For example, the temporal cortex is involved in memory, auditory cognition and semantics^[@CR26]^; the precuneus is involved in visuo-spatial image processing and episodic memory retrieval^[@CR27]^; the frontal lobe is involved in executive function, attention, memory, and language^[@CR28]^; and the hippocampus is important for declarative memory^[@CR29]^. Additionally, we found that increased levels of pTau were associated with memory performance but not executive functioning in LMCI, which is consistent with previous findings^[@CR30]^. We note that some groups have found a high correlation between tau levels and cognitive decline across the entire AD spectrum^[@CR31],[@CR32]^; even so, our results align with those of Mielke et al., who found a significant association between tau and cognitive performance in MCI, but a nonsignificant association between these factors in AD^[@CR33]^. We also noticed that the atrophy of the hippocampus and entorhinal cortex (measures of neurodegeneration) were highly correlated in the CU vs. LMCI comparison of cognitive test scores; in addition to Aβ and pTau burden, brain atrophy in these two regions may thus substantially contribute to progression from CU to LMCI status, as other groups have reported^[@CR34]^.

We observed that impaired glucose uptake is most highly correlated with cognitive test scores in LMCI vs. AD and CU vs. AD groups. In particular, we found glucose uptake in the angular gyrus (FDG-angular) to be the most important feature for predicting memory and executive functioning performance in later stages of AD, which is consistent with other groups who have found reduced glucose uptake in the angular gyrus in later cognitive decline^[@CR35]^. This area is involved in semantic processing, word comprehension, number processing, memory retrieval, attention, spatial and social cognition, and reasoning^[@CR36]^, all of which are known to decline later in disease progression. Sustained deficits in glucose uptake in key brain areas dramatically impair cognitive functions by reducing proper support of neuronal activity and functional processes^[@CR37]--[@CR39]^, and it is therefore unsurprising that we found that impaired glucose uptake is highly correlated with advancing cognitive decline.

Notably, the individuals with AD that were included in the current study were older and less educated than individuals in other groups, and a higher percentage of AD patients carried the *APOE* ε4 allele, the largest genetic risk factor for AD, than LMCI and CU patients. Interestingly, all three of these factors are linked to metabolic function^[@CR40]--[@CR44]^. A widely accepted cause of the functional losses that accompany aging is decreased brain metabolic function^[@CR45],[@CR46]^. Indeed, mitochondrial function declines with age in the brain and, thus, neural ATP production decreases, which has been proposed to be a major factor in the aging-associated loss of brain function^[@CR40],[@CR43],[@CR46]^. Moreover, a recent study demonstrated that regional brain metabolism and functional connectivity as measured by fMRI differed with years of education^[@CR41]^: relative to less educated participants, highly educated participants had higher glucose metabolism in the ventral areas of the cerebrum, which are mainly involved in memory, language, and neurogenesis, and functional connectivity experiments illustrated that the brains of the highly educated individuals were overall more efficient and resilient to aging^[@CR41]^. The *APOE* gene plays a role in cholesterol and Aβ homeostasis^[@CR39]^, and the *APOE* ε4 allele is the strongest genetic risk factor for AD. Two recent studies showed that disturbances in cholesterol metabolism, such as alterations in bile acid metabolism, are highly associated with AD^[@CR47],[@CR48]^. Notably, the bile acid composition signatures were much more highly associated with brain hypometabolism and atrophy (i.e., the "N" component of the A/T/N framework) than with Aβ and tau. Moreover, cross-sectional FDG-PET studies found that cognitively unimpaired carriers of the *APOE* ε4 allele have abnormally low glucose uptake in the same brain regions that show hypometabolism in AD patients. Indeed, these metabolic abnormalities were observed in late-middle-aged (40--60 years of age) and young (20--39 years of age) *APOE* ε4 carriers, who had intact memory and were free of Aβ or tau pathology^[@CR49]--[@CR53]^. These neuroimaging results suggest that *APOE* ε4 carriers develop functional brain abnormalities several decades before the possible onset of dementia, and the results are in line with our finding that a high percentage of those with clinical AD were *APOE* ε4 carriers.

There are many plausible reasons to explain why we found glucose hypometabolism to be an important biomarker in predicting progressive cognitive decline in clinical AD. For example, impairments in brain glucose metabolism are associated with insulin resistance, which, in turn, exacerbates Aβ deposition^[@CR39],[@CR54]^. Indeed, AD is characterized by impaired brain insulin signaling^[@CR55]^. In line with this finding, type 2 diabetes mellitus, hyperlipidemia, obesity, and other metabolic diseases increase the risk of developing AD^[@CR12],[@CR39]^. Indeed the metabolic abnormalities present in AD are often likened to a form of diabetes of the brain^[@CR56]^. The preservation of normal brain glucose metabolism is, thus, highly associated with cognitive resilience. A recent study showed that FDG-PET uptake in the bilateral anterior cingulate cortex and anterior temporal pole was positively associated with global cognition in cognitively unimpaired individuals over 80 years of age, despite the fact that they were Aβ-positive and *APOE* ε4-positive^[@CR44]^. The results also suggest that normal cognitive performance can be preserved even in the presence of Aβ and *APOE* ε4 in 80+ year-old individuals. Another study using deep learning methods showed that FDG-PET imaging can be used to predict AD an average of 75.8 months prior to its final diagnosis with 82% specificity and 100% sensitivity^[@CR19]^.

Taken together, our current findings and those of previous reports suggest that maintaining normal brain glucose metabolism is critical for cognitive resilience; therefore, therapeutic strategies for preventing or treating AD may need to shift focus from Aβ toward the preservation and restoration of normal brain metabolism. Interventions with this therapeutic strategy have been reported that use intranasal insulin administration and a ketogenic diet. Specifically, intranasal insulin therapy provides rapid delivery of insulin to the central nervous system via bulk flow along olfactory and trigeminal perivascular channels without adversely affecting blood insulin or glucose levels and has been shown to improve AD symptomology, although individual patient responses may depend on gender, *APOE* genotype and insulin formulation^[@CR57]--[@CR59]^. With regards to the potential benefits of a ketogenic diet, ketone bodies can function as an alternative fuel substrate in the brain when glucose is unavailable or when glucose metabolism is impaired due to insulin resistance^[@CR43],[@CR60]--[@CR62]^. One study showed that a ketogenic diet can modulate deposition of Aβ and Tau in the CSF of MCI patients in conjunction with its modulation of the gut microbiome and the production of short-chain fatty acids^[@CR63]^. This finding is consistent with an animal study showing that a ketogenic diet enhanced Aβ clearance across the blood-brain barrier and improved the composition of the gut microbiome^[@CR64]^. The gut microbiome produces secondary bile acids, and, as mentioned above, alterations of bile acid production have been observed in AD patients due to gut microbiome imbalances, suggesting another mechanism by which AD patients may benefit from therapeutic strategies aiming to restore normal brain metabolism like the ketogenic diet^[@CR47],[@CR48]^. Another animal study showed that by modulating the gut microbiome with a prebiotic diet, mice with the human *APOE* ε4 gene had enhanced systemic metabolism and reduced neuroinflammatory gene expression, another hallmark of AD pathology^[@CR65]^. Collectively, modulating metabolic function and the gut microbiome may have a profound impact on reducing the risk of AD.

Future efforts should include the continued collection of the A/T/N framework biomarkers to fill critical gaps in our understanding of how their expression is associated with AD and aging. In our model construction and analysis, we used CSF-pTau to fulfill the "T" component of the A/T/N framework^[@CR9]^; however, imaging-derived biomarkers provide information about the location of the pathology in the brain that CSF-derived markers do not^[@CR8]^. Therefore, future work is needed to incorporate Tau-PET imaging into the model^[@CR66]^. In addition, glucose metabolism is tightly coupled with cerebral blood flow (CBF)^[@CR67],[@CR68]^, and neurovascular dysfunction also plays a critical role in cognitive impairment; thus, it will also be important to include CBF-MRI measures in the future for a more thorough representation of AD pathology. Indeed, Tau and CBF imaging data are currently available for only a small subset of the ADNI cohort, and thus it could not be incorporated into our model. Additionally, while the available dataset from ADNI has more male participants, it should be noted that AD disproportionately affects women^[@CR69]^. Future efforts may be needed to re-evaluate the outcome when data from the female participants become more available.

In summary, we show that A/T/N biomarkers have cognitive impairment stage-dependent roles in AD, with Aβ and pTau better predicting LMCI and neurodegeneration (especially low glucose uptake) better predicting clinical AD. Our findings may partly explain the repeated failures of clinical trials attempting to treat AD by modifying the Aβ load: it may be too late to gain therapeutic benefit from the treatment of Aβ when patients have already progressed to the clinical AD stage. Therefore, our results imply that treatments for AD may also need to be disease stage-oriented: Aβ and tau may be appropriate targets early in the disease course, but the restoration of brain glucose metabolism should be explored as a treatment strategy for clinical AD. Our findings may influence the thinking in the field regarding AD progression and therapeutics.

Methods {#Sec9}
=======

Data pre-processing {#Sec10}
-------------------

Study data were obtained from the ADNI database, a longitudinal multicenter study designed to develop clinical, imaging, genetic, and biochemical biomarkers for the early detection and tracking of Alzheimer's disease. Specifically, data were downloaded from the ADNI2 dataset within the ADNI database since these data contained all the biomarkers of interest for the present study. Specific details about the acquisition of the imaging measures have been reported elsewhere^[@CR70],[@CR71]^. Briefly, all subjects were consented under the approval of the IRB at each testing site and scanned at 3 T for 3D T1-weighted volume, FLAIR, a long TE gradient echo volumetric acquisition for micro hemorrhage detection, arterial spin-labeling perfusion, resting state functional connectivity, and diffusion tensor imaging; all enrolled subjects were also scanned for \[^18^F\]fluorodeoxyglucose PET (FDG-PET) glucose uptake and \[^18^F\]florbetapir PET for amyloid imaging. The data were merged from five subset datasets within the ADNI2 dataset to achieve a final dataset for analysis consisting of demographic information, structural MRI volumes, FDG-PET SUVs, amyloid-PET SUVs, white matter hyperintensities, and CSF-ptau measurements. Age, gender, education, *APOE* ε4 carrier status, cognitive scores, and diagnosis and the structural MRI variables of ventricle volume, whole brain volume, entorhinal cortex volume, and hippocampal volume were extracted from the ADNIMERGE subset dataset. FDG-angular, FDG-temporal, and FDG-CingulumPost were extracted from the UC Berkeley FDG subset dataset. Aβ-frontal, Aβ-cingulate, Aβ-parietal, Aβ-temporal, Aβ-precuneus, and Aβ-hippocampus were extracted from the UC Berkeley AV45 subset dataset. Gray matter volume, white matter volume, and white matter hyperintensity were extracted from the UC Davis white matter hyperintensity volumes subset dataset. pTau concentration was extracted from the UPENN CSF Biomarkers Elecsys subset dataset. Missing values were imputed by selecting the twenty closest patients based on Euclidean distance with non-missing values in the same group and averaging these values. Most of the missing values appeared in the structural MRI data. Data imputation was performed on patients who had less than three missing values. Patients with three or more missing values were deleted to avoid bias caused by excessive imputation.

Machine learning analysis {#Sec11}
-------------------------

The random forest (RF) classification algorithm was used to assess the importance of all sixteen biomarker features in predicting the AD clinical diagnosis, as determined by the progression of cognitive impairment as a result of the disease process (CU, LMCI, or AD) (Table [2](#Tab2){ref-type="table"}). The algorithm was chosen, as opposed to other traditional statistical (e.g., ANOVA) and machine learning methods, because (i) it is a robust classification method and (ii) it enables feature ranking. An RF is trained by fitting multiple decision trees, each to a different random subset of the examples and features of the full dataset. The predictions of these decision trees are then combined to yield a single consensus classification prediction. Given the trained RF, each feature is considered more important if decision trees constructed from subsets that include the feature give predictions that are more accurate. This is calculated by averaging the out-of-bag accuracy (i.e., the accuracy on examples there were not used when training the tree) of the individual decision trees that were trained using the corresponding feature.

We acknowledge that some of the features (e.g., brain volumetric measures) are impacted with age; therefore, we adjusted the feature values for age accordingly. Specifically, we used CU group dataset and performed a linear regression with the seven brain volumetric measures used in our model as the feature variables and age as the target regression variable. We applied the derived beta coefficients from the regression model to the brain volumetric measures of the whole dataset and trained these balanced brain volumetric measure values in our RF model. In the implementation, we used the function *sklearn.linear_model.LinearRegression* of the "scikit-learn" package to calculate the linear regression coefficients between brain volumetric measures and age.

Figure [5a](#Fig5){ref-type="fig"} illustrates the workflow of the feature ranking and accuracy performance using the random forest machine learning method. K-fold cross validation (*k* = 5) was used to evaluate the performance of the RF classification algorithm in predicting the AD clinical diagnosis. Using this strategy, the dataset was randomly partitioned into five equal parts, and five RF models were trained, each on a dataset consisting of four parts. Each of the trained RF models was evaluated based on the prediction performance on the corresponding omitted validation set. For evaluation, each complete data copy was forwarded into a random forest classifier model utilizing the Python scikit-learn library v0.21.3^[@CR72]^. All default parameters were used for the *sklearn.ensemble.RandomForestClassifier* function, with the exception of the criterion parameter, where we used the *entropy* option. Specifically, decision trees are classified in a binary fashion where the split in the trees are from either true or false responses to feature thresholds. The *RandomForestClassifier* decides the thresholds based on Gini Impurity. "Purity" is a measure as to how homogenous the samples are, with "0" as maximal purity, and "1" as maximal impurity. As the decision tree progresses down, the Gini values eventually decrease to 0 (Fig. [5b](#Fig5){ref-type="fig"}). Final predictions were calculated and features were ranked based on the prediction of the majority of trees within that training dataset. The resulting predictions were evaluated on their ability to correctly predict the AD clinical diagnosis in the validation dataset.Fig. 5Flow chart of the random forest method used.**a** Flow chart depicting the analysis used with the random forest method. The AD biomarkers from the original dataset were randomly split into five equal-sized subsets. For evaluation, each complete data copy was forwarded into a random forest (decision tree; see **b**) classifier model. Final predictions were calculated and features were ranked based on the prediction of the majority of trees within that training dataset. **b** Decision trees are classified in a binary fashion, where the split in the trees are from either true or false responses to feature thresholds based on Gini Impurity. "Purity" is a measure homogeneity, with "0" as maximal purity, and "1" as maximal impurity.

The cross-validated model prediction accuracy, receiver operating characteristic curve (ROC) and *F*~1~ score were used to assess model performance.

The accuracy is calculated with the following Eq. ([1](#Equ1){ref-type=""}):$$\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
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                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$${\mathrm{Accuracy}} = \frac{{{\mathrm{TP}} + {\mathrm{TN}}}}{{{\mathrm{TP}} + {\mathrm{TN}} + {\mathrm{FP}} + {\mathrm{FN}}}},$$\end{document}$$where TP is the true positives, TN the true negatives, FP the false positives, and FN the false negatives.

The *F*~1~ score is calculated by the following Eq. ([2](#Equ2){ref-type=""}):$$\documentclass[12pt]{minimal}
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                \begin{document}$$F_1 = 2 \cdot \frac{{precision \cdot recall}}{{precision + recall}}$$\end{document}$$where precision is TP/(TP + FP) and recall is TP/(TP + FN). ROC curves compare the true positive rate and false positive rate at different decision thresholds and are often used to judge the performance of binary classifiers. *F*~1~ scores combine precision and recall and are often used to evaluate models on imbalanced dataset, since it is possible to obtain high accuracy on imbalanced datasets simply by predicting the most common class. A high *F*~1~ score indicates low false positives and low false negatives.

Statistics and reproducibility {#Sec12}
------------------------------

In the Table [1](#Tab1){ref-type="table"}, the overall dataset was initially evaluated for group differences in age, gender, education, *APOE* genotype, ethnicity, race, and cognitive test differences using non-parametric Kruskal--Wallis tests comparing the groups CU, LMCI, and AD using JMP 1.4 software. *χ*^2^-approximate values and *P*-values were documented to identify statistical significance. *ε*^2^ values for effect sizes were calculated using the "rcompanion" package in R statistical software.

To verify the reproducibility of five-fold validation used in the RF analysis, we compared the results of accuracy and *F*~1~ score from those using three-fold and ten-fold cross validations (Supplementary Table [1](#MOESM1){ref-type="media"}).

To verify the accuracy measurements validated using ROC, we also performed precision recall (PR) curves calculation (Supplementary Fig. [3](#MOESM1){ref-type="media"}). Precision-recall curve is another method to evaluate classification models, especially binary classification models where the dataset is imbalanced. The average of precision (AP) is calculated to determine the average precision score under different possible thresholds. We used the scikit learn package sklearn.model_selection.RandomizedSearchCV for hyperparameters optimization. The hyperparameters of the RF model is as follows: "n_estimators"=3600, "min_samples_split"=5, "min_samples_leaf"=8, "max_features"="auto", "max_depth"=50, and "bootstrap"=False.

We also used the SHapley Additive exPlanations (SHAP) technique to implement an additional feature ranking analysis. In our experiments, we applied the SHAP on Random Forest Classifier. Using the SHAP method as a reference for feature ranking analysis, the results showed similar feature importance ranking as RF (Supplementary Fig. [2](#MOESM1){ref-type="media"}).

Gradient tree boosting (GTB), another classification method from the *scikit-learn* package, was used as a comparison for the RF classification method (Supplementary Table [2](#MOESM1){ref-type="media"}). The same tree estimators from the RF method were used for GTB with all other default function parameters. The accuracies for the GTB method were similar to the RF method. The accuracy of the GTB classifiers were 72.30%, 71.26%, and 91.87%, respectively for CU vs. LMCI, LMCI vs. AD, and CU vs. AD clinical diagnosis. The model was also trained with 3- and 10-fold cross validation for comparison. There were minor difference in the feature rankings estimated using the GTB model as compared to the RF model but the same general patterns hold true: Aβ and pTau are important contributors to the prediction of early AD decline, but neurodegeneration, especially glucose hypometabolism, is a more important predictor of later AD decline.

Pearson correlation analysis of cognitive performance {#Sec13}
-----------------------------------------------------

Pearson correlation was used to evaluate linear relationships between individual biomarker features and cognitive function using the JMP 1.4 software (Figs. [2](#Fig2){ref-type="fig"} and [3](#Fig3){ref-type="fig"}). Pearson correlation coefficient is calculated by the covariance of two variables over the product of their standard deviation. The value range of Pearson correlation coefficient is from −1 to 1 with a higher absolute value indicating a stronger association and the sign indicating a positive or negative association between the two variables.

Calculation of biomarker values {#Sec14}
-------------------------------

In the Table [5](#Tab5){ref-type="table"}, biomarker values were calculated for the different diagnosis groups and compared using two-sided Wilcoxon rank-sum tests. *Z*-score test statistics were calculated using JMP 1.4 software and effect sizes *r* were calculated with *r* (=*Z*/(√*N*~obs~)). Amyloid standard uptake values (SUVs) were intensity normalized to the whole cerebellum and volume was normalized by dividing by the region of interest (ROI) in cubic centimeters (cm^3^). FDG SUVs were normalized according to metaROIs described elsewhere^[@CR73]^. Briefly, a set of pre-defined regions of interest (FDG-ROIs) were developed by identifying regions cited frequently in FDG-PET studies of AD and MCI patients. All coordinates of significant voxels were transformed into MNI space. Intensity values were generated for coordinates that reflected a combination of the *Z*-scores associated with the coordinate. The volumes were intensity normalized using the maximum value, and volume was normalized by dividing by the ROI in cubic centimeters (cm^3^).

Reporting summary {#Sec15}
-----------------

Further information on research design is available in the [Nature Research Reporting Summary](#MOESM2){ref-type="media"} linked to this article.
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